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Table 1 Error evaluation results

e - MAE/W - m™ NRMSE/%
P
S| 10 MA 20MA 30MA 40 MA 50 MA 60 MA 10MA 20MA 30MA 40 MA 50 MA 60 MA
PatchTST 2432  40.71 51.25 60.18 7223 8l1.14 4.94 6.91 8.45 9.57 10.69 12.08
. Informer 31.51 3798 46.03 50.88 5824 65.61 5.61 6.92 8.04 9.05 10.11 10.72
R LightTS 2486 30.76 3831 42.81 49.06 5531 5.17 6.46 7.73 8.68 9.69 10.03
LSTM-Transformer 2436 31.02 3433 4341 47.88 5321 5.04 6.33 7.31 8.21 9.08 9.44
LR ResNet 2326 2938 3322 41.88 46.25 5145 4.86 6.21 7.02 7.92 8.83 9.17
) A7k 21.87 2832 31.66 40.03 4427 49.39 4.72 5.79 6.79 7.74 8.34  8.66
K2 RETHERR
Table 2 Error evaluation results R?
sk ” R?
) LY
2 10 MA 20 MA 30 MA 40 MA 50 MA 60 MA
N PatchTST 0.954 0.915 0.874 0.834 0.793 0.742
AR
Informer 0.948 0.921 0.879 0.862 0.819 0.787

-1613-



2025,43(12)

&gR2
M) RZ
SRR Y
257 10 MA 20 MA 30 MA 40 MA 50 MA 60 MA
- LightTS 0.943 0.923 0.891 0.873 0.862 0.829
S5
LSTM-Transformer 0.957 0.935 0.923 0.885 0.858 0.851
- ResNet 0.959 0.936 0914 0.891 0.862 0.848
ARSIy 0.967 0.953 0.934 0.903 0.891 0.869

e 1,2 ] 0L, XA Z o S 8dE e
FEA5i)  PatchTST, Informer, LightTS [ NRMSE 7E
ANIEEFE S (10~60 MA) FIiR2ZEY &S T
LSTM-Transformer, XZH] LSTM-Transformer 1F
EHETSIE 26/ Iy TGS LIS VB Y LA SE S @
fift R T oA R A 22 RUBE A AR AL | R
B FERAZIEEE 75T ResNet 7E 10~40
MA (RIS R BUA X 4hs, {HAE 50 MA Al
60 MA A1 22 B 3N, A SOy 78 A i () i

700 — T T T T y T
— HSMH “# DLinear S ARSO %
600+ & PatchTST © LSTM-Transformer
b 4 LightTS ResNet
; 500 |
my 400 |
% 300 -
W
& 200+
K 100 S\
04 N -
2 4 6 8§ 10 12 14 16 18 20
I 1E]/15 min
(a)10 MA
700 — Elj:{ﬁ ‘ *DLinear‘ ‘*4‘3‘(77‘72‘
600 = PaichTST < LSTM-Transformer ResNet
a 4 LightTS g
g 500
Y 400
‘]g?‘ 300 [
@
JE»_; 200 |
100 |

= —
2 4 6 8 10 12 14 16
5 [E]/15 min
(¢)30 MA
700 T # Dlincar AT

600 € PatchTST < LSTM-Transformer < ResNet
2 LightTS R

0 12 14 16
fi$a)/15 min
(e)50 MA

2 4 6 8

12y JR B B IR ) NRMSE, 5 ResNet A Fb , 76
10~60 MA ,NRMSE 43 | FAIK T 24 6.72%,6.91%,
3.83%,2.27%,5.55%,5.56%, iXFW] CvT BEMSHE
A B AR IURTR R 25 G 4y FURIERARRAIE ,
FH—[) CNN 4248, R, PPAf AT 2 SR UE i T
ARSI IR P

B TR R 2 PR E bR AN, A SGERI T 2
AR 1 7 7 A A B F0I R SR 2 A7 40 M, GHI
TomAs R th & 7 B

700 — —
— HSE * DLinear AR
600 & PatchTST € LSTM-Transformer
R # LightTS ResNet
£ 500
y.i( 400 1
ROZ
=300
E@
= 200
100 e |
05 £ ) ) ) ) ) ) ‘ Ny
2 4 6 8 10 12 14 16 18 20
IFE]/15 min
(b)20 MA
T00 ™% 5l * Dlinear SR
6001 PatchTST < LSTM-Transformer
o 2 LightTS ResNet
£ 500 \
4 | PR
& 400 , /% NS \
E 300 | B %
Z 2001 7 \
e -
100 ¢ Y ~R\1
§ 5
04 s
2 4 6 8 10 12 14 16 18 20
A [1/15 min
(d)40 MA
TOO kel Dlincar AR
600 = PatchTST < LSTM-Transformer ResNet 1
@ A LightTS 4
g 5001 SR
;&( 4001 N % \.
Eé | / ] \ N
B 300 ) f s
_% 200 VAN
% )
100 1 NN
Cf. : i
4 6 8§ 10 12 14 16 18 20
A [EN/15 min
()60 MA

B7 WESEXEXT

Fig.7 The comparison between the predicted value and the real value
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Fig.8 Comparison of model prediction performance NRMSE in sunny and rainy weather
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Table 5 Evaluation of the ablation experiment results
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Ultra—short—term solar irradiance prediction model based on
multi—source data and Transformer framework

Jiang Suqiong', Xu Peide?, Wang Huaiyuan®
(1.School of Electrical Engineering, Fujian College of Water Conservancy and Electric Power, Yong’an 366000,
China; 2.School of Transportation Engineering, Fujian College of Water Conservancy and Electric Power, Yong an

366000, China; 3.School of Electrical Engineering and Automation, Fuzhou University, Fuzhou 350108, China)

Abstract; The intermittence and volatility of photovoltaic power generation threaten the stability
of the power grid, and high —precision prediction can provide key support for power system
scheduling. Solar irradiance prediction methods based on meteorological data and sky images have
been widely studied, but the mining of multi—scale temporal features and sky image features is
still very limited, and the correlation between features is not fully utilized. Therefore, this paper
proposes an ultra—short—term solar irradiance prediction model based on multi—source data and
Transformer framework. First, the long—term and short—term memory neural network—Transformer
is used to learn the long—term and short—term temporal variation characteristics of multivariate
meteorological sequences. Secondly, the convolution visual Transformer is used to model the global
information and local structure of the sky image, and the deep image features are extracted.
Finally, a cross—modal feature fusion module based on attention mechanism is proposed, which
uses image features to represent temporal features, realizes cross —modal feature fusion, and
outputs prediction results by decoder. Experimental results show that the proposed method has
better prediction performance than the state—of—-the—art methods. Compared with the case of only
using meteorological data, the NRMSE of the model is reduced by 7.4% on average. The model
significantly improves the prediction accuracy by mining the features of multi —source data (
meteorological time series and sky images ) and using the cross—modal attention mechanism to
effectively mine their correlation.

Keywords: solar irradiance prediction; multi—source data; sky image; long short—term memory

neural network ; Transformer; CvT
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